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Abstract: The validity of a local positioning system (LPS) to measure inter-unit distance was
investigated during a team sport movement circuit. Eight recreationally active, female indoor
team-sport players completed a circuit, comprising seven types of movements (walk, jog, jump,
sprint, 45◦ change of direction and shuffle), on an indoor court. Participants wore a receiver tag
(ClearSky T6, Catapult Sports) and seven reflective markers, to allow for a comparison with the
reference system (©Vicon Motion Systems, Oxford Metrics, UK). Inter-unit distance was collected
for each combination of participants. Validity was assessed via root mean square error, mean bias
and percentage of variance accounted for, both as an overall dataset and split into distance bands.
The results presented a mean root mean square error of 0.20 ± 0.05 m, and mean bias detected an
overestimation for all distance bands. The LPS shows acceptable accuracy for measuring inter-unit
distance, opening up opportunities to utilise player tracking for tactical variables indoors.
Keywords: player tracking; team sports; tactical; validity; positioning; performance analysis; local
positioning system
1. Introduction
1.1. Player Tracking Technology
Electronic performance and tracking systems (EPTS) have recently seen large developments,
allowing them to facilitate tracking of players both indoors and outdoors with greater accuracy.
Until recently, EPTS were limited to outdoor sports, whereby the Global Positioning System (GPS) was
used to track a player’s locomotion, position and speed [1,2]. With a large focus on GPS in outdoor
sports, the accuracy of this type of technology has been extensively investigated, showing adequate
accuracy for assessing players’ distance [1]. However during unstructured movements, high rates
of change in velocity and at peak speeds, less favourable results were found. Overestimations of
up to 19.3% were found in changes in velocity during decelerations [3], while peak speeds were
underestimated compared to the reference system by 14–29% [4]. Even with the considerations of
GPS accounted for, use of GPS has been inaccessible for indoor sports, with stadium infrastructure
preventing clear signals to satellites. As such, indoor sports including basketball, handball, futsal and
netball have been restricted to expensive optical tracking systems, which are susceptible to player
occlusion errors [5]. However, recent developments in local positioning systems (LPS), specifically
bluetooth-based and ultra-wideband (UWB) technologies, have opened up opportunities to integrate
EPTS in indoor sports [6–8].
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1.2. Ultra-Wideband
Local positioning systems operate indoors usually on short-range communication between radio
wave generators and receivers. As such, they can run on varying bandwidths depending on the
technology, and UWB specifically occupy a large frequency bandwidth (>500 MHz) [9]. Operating
at this bandwidth allows UWB systems penetration through objects such as wood, plastic, brick,
and other building materials, excluding metal [10]. This provides the ability for the tracking of
humans without occlusion errors occurring [9]. Additionally, unlike other radio frequency-tracking
technologies, UWB’s high bandwidth combined with very low short pulses waveforms, allows for
reduced signal interference from other radio frequency devices and increased signal stability [10,11].
Local positioning systems using UWB technology have been validated previously for analysing
position, speed and distance [8,12,13]. During linear drills, mean and peak acceleration and speed
displayed errors in the range of 0.5% to 7.5% [12], while total distance was found to have error ranges
between 0.5% to 2.3% [8,12]. Finally, position was found to have the least amount of error, with 0.19%
to 0.58% error ranges [13]. However, this paper used known distance as a reference, which may
underestimate the difference between systems. Conversely, research pertaining to the reliability of
UWB systems for indoor sports is currently limited, however one study has assessed the inter-unit
reliability of one system (WIMU PRO™, RealTrack Systems, Almeria, Spain) for position, reporting an
intra-class correlation coefficient for x-coordinate and y-coordinate of 0.65 and 0.88 respectively [14].
Additionally, reliability measures of the system were not significantly affected during replication
of typical movements of team sport which reached speeds >15 km/h [9]. With validation of UWB
for locomotion and player position, research has now focused on describing the match and training
demands of each sport [15–18].
However, recent research using GPS positional data has focused on spatiotemporal tactical
variables to analyse team collective behaviours and dynamics. Now with the same ability as GPS
to track player positions on an indoor court, positional data from UWB systems can be used to
provide contextual information to analyse players’ tactical roles and how they impact other players’
performance [19].
1.3. Tactical Variables
Tactical variables are used to explain player, team and opposition dynamics on the field through
their interactions, spacing, synchronisation and integration alongside technical and physical variables.
Tactical variables can be understood as variables that occupy both space and time (i.e., spatiotemporal)
and are derived from the field of geometry [20]. Thus, spatiotemporal data, when used to describe
collective behaviours of players, can provide a measure of tactical performance [21]. The most basic
tactical variable is inter-player distance; identifying the distance between players’ positions on the
field [22,23] and providing insight into their interactions and coordination tendencies. Team-based
tactical variables include surface area and dominant region; explaining the effective playing space a
team or group of players look at controlling [24,25], stretch index and length per width ratio; indicating
the contraction and expansion of a team as they move through the transitional phases of a game [26–28].
Finally, the collective behaviour and synchronisation of a team has previously been analysed using the
team centroid and approximate entropy; describing the behaviour and centre position of a team of
players and their inter-player coordination respectively [25,29].
These tactical variables have previously been analysed for outfield sports using GPS [28,30].
While research is beginning to utilise LPS and optical EPTS, for tactical analysis indoors [6,7,26],
these systems have yet to be validated for their accuracy in measuring inter-unit distance. This is of
importance for tactical analysis, as most tactical variables are primarily made up of inter-unit distances
which are then combined to create team level variables. If inter-unit distance accuracy is poor, this may
compound when calculating multiple inter-unit distances for larger spatiotemporal variables. As such,
the aim of this study is to assess the criterion validity of the Catapult ClearSky T6 local positioning
system for measuring inter-unit distance, applicable to all indoor sports for tactical analysis.
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2. Materials and Methods
2.1. Participants
Eight recreationally active female indoor team sport players (26.9 ± 3.7 years old, 174.0 ± 8.2 cm,
67.5 ± 8.4 kg) were recruited to participate in this study. All participants received verbal and written
information regarding the procedures of the study and provided written consent for their participation
in the study. The investigators’ institutional Human Research Ethics Committee approved the study.
2.2. Experimental Overview
The study was conducted at Melbourne Arena (Melbourne, Australia), a commonly used arena
for team sports competition. Melbourne Arena had previously been fitted with the UWB tracking
system and surveyed for calibration of court dimensions. The testing session comprised a team sport
movement circuit measuring 15 × 20 m on an indoor parqueted surface. Participants completed the
circuit while wearing a receiver tag (ClearSky T6, Catapult Sports, Melbourne, Australia) which was
placed in a wearable vest, positioned between the participant’s scapulae. Participants also had attached
seven reflective markers, placed on the receiver tag and other prominent landmarks of the participants,
and these were used for the reference system to capture participant position and for future reference
system analysis. The reference system was set-up around the circuit area, with a larger capture area of
19–24 m to ensure no black spots occurred. All participants completed a self-paced warm-up, before
the start of the circuit.
2.3. Data Collection
2.3.1. Circuit
The indoor sports movement circuit comprised locomotion activities commonly occurring in
indoor sports, as presented in Figure 1. The circuit was designed using research assessing frequently
recurring movement sequences to imitate indoor team-sports movements [31]. Participants performed
seven movement sequences at self-paced intensities and one maximal acceleration, which was verbally
encouraged by a researcher positioned at the beginning of the acceleration station. The movement
sequences were performed in the following order:
1. Self-paced walk (9 m).
2. Self-paced jog (9 m).
3. Self-paced jump.
4. Self-paced run (13 m).
5. Maximal acceleration (9 m).
6. Three self-paced 45◦ changes of direction (13 m).
7. Self-paced side shuffle (15.4 m).
8. Self-paced walk (13m)
2.3.2. Catapult ClearSky T6 Setup
The LPS (Catapult ClearSky T6, Catapult Sports, Melbourne, Australia) previously installed for
the area comprised 20 fixed anchor nodes. Nodes were fixed at varying heights ranging between
19.7–20.9 m and proximity from the court boundaries ranging between 12–32 m, as presented in
Figure 1; this ensured full court coverage and minimised metal interference. The master anchor
was connected via Ethernet cabling to the data processing laptop, which captured data at a reported
frequency of 10 Hz. Data were processed using Openfield™ console software version 1.22.2 (Catapult
Sports, Melbourne, Australia), with receiver tags worn by participants seen by the system at all times.
The system utilises a narrow UWB frequency of range 3.1 to 10.6 GHz to locate receiver tags in the
surveyed area. A minimum of three anchor nodes were required to have clear lock on a receiver tag,
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with the location of the tags being calculated through a multi-process algorithm using two-way ranging
(TWR), angle of arrival (AoA) and time difference of arrival (TDOA).
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45◦ (E) and shuffle (F).
2.3.3. Vicon Setup
The reference system used was a Vicon motion analysis system (©Vicon Motion Systems,
Oxford Metrics, UK), set up using 20 cameras (T40 and Vantage) as presented in Figure 1. The system
captured at a frequency of 100 Hz, with the cameras mounted on tripods offset 2 m from the perimeter
of the circuit area, for a capture area of 19 × 24 m. Seven, 40-mm reflective markers were attached to
the receiver tag and other prominent landmarks on the participants:
1. Catapult Unit (receiver tag).
2. Right Shoulder.
3. Left Shoulder.
4. Left Front Hip.
5. Right Front Hip.
6. Right Back Hip.
7. Left Back Hip
The reflective marker attached to the outside of the pouch containing the receiver tag was used
as the reference system’s comparative position, while the other six reflective markers were used for
future analysis. All 20 cameras were connected via two-gigabit switches that were attached to the
Sensors 2020, 20, 3693 5 of 10
data-processing laptop (separate from the LPS laptop) via ethernet cabling. The reference system was
calibrated to the capture area, with Vicon calibration image and world errors of 0.094 mm and 0.525 mm
respectively. Additionally, the refinement frames were set at 3000 frames with the origin of calibration
set using Active Wand v2. Reference system marker dropout was accounted for using Vicon Nexus
software version 2.8.2 (©Vicon Motion Systems, Oxford Metrics, UK), by gap filling through automatic
pattern detection (maximum 10 frame gaps only filled). This automatically used other marker locations
to determine the trajectory of the dropped marker. If these markers were unavailable, the spline fill
option was used, which calculates the position based on 10 frames either side of the dropped marker.
Finally, when marker dropout was for a substantial length, the data were excluded from the analysis.
2.4. Data Processing
Data was exported from the LPS and reference system software and analysed in R statistical
software (R: A language and environment for statistical computing, Vienna, Austria). Raw Vicon
data was smoothed and filtered using a proprietary Butterworth and moving average filters, to mimic
the same processing that is applied to the ClearSky data (further details of smoothing and filtering
processes are protected by a non-disclosure agreement). As Vicon data were captured at 100 Hz,
compared to Catapult captured at 10 Hz, raw Vicon data were down-sampled from 100 to 10 Hz
by sub-setting every 10th frame. Each subset of data was inspected for best fit to the Catapult data.
Additionally, the Y component of Vicon data required translation, as it had been captured as the
Z-axis. Therefore, by finding the mean between the Vicon data and Catapult dataset, Vicon data were
translated down to the same scale
2.5. Statistical Analysis
Inter-unit distance was calculated for each combination of participants as the distance between each
players x, y coordinates. Each participant combination was used once only, resulting in 21 individual
combinations (one participant was not used due to poor Vicon data quality). This was calculated for
both ClearSky and Vicon datasets using the formula below:
D =
√
(ax − bx)2 +
(
ay − by
)2
(1)
where D is the distance between the two participants, a is participant one and b is participant two and
x and y are the coordinates. The two datasets, ClearSky and Vicon were visually inspected to ensure
they lined up at a common starting point (Figure 2).
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Criterion validity was measured using root mean square error (RMSE), reported in metres using
the following equation:
RMSE =
√
Σni=1(Pi −Oi)2
n
(2)
where P is ClearSky data; O is Vicon data and n the length of the time series. Mean bias was used to
measure the bias of the ClearSky LPS, and it was calculated using the following formula:
MB =
1
n
n∑
i=1
(Pi −Oi) (3)
where P is ClearSky data, O is Vicon data and n is the length of time series. Finally, the percentage of
variance accounted for (%VAF) was used to measure the portion of the variance for Vicon, accounted
for by ClearSky. This was calculated for each combination and distance band using the formula below:
% VAF = 100×
1−
∑n
t=1 (Ot − Pt)2∑n
t=1 (Ot)
2
 (4)
where P is Catapult data, O is Vicon data, n is length of time series and t is the time.
Additionally, a rolling RMSE function was used on all combinations, providing a matrix of RMSE
as a function of cumulative time. This was used to compute RMSE stabilisation at a threshold of 1/500
of the final rolling cumulative RMSE (Figure 3), to ensure enough data were analysed, whereby the
error rates stabilises. Through this stabilisation analysis, data lengths between 43 and 50 s were
found to be sufficient for stabilisation of error. All combination datasets were cut at 50 s to ensure
consistent results. Finally, analysis was conducted on the association between distance of units and its
function on the accuracy of inter-unit distance. Distances were discretised into five interval bands
to highlight differences between smaller and larger inter-unit distances on the RMSE, mean bias and
%VAF between the LPS and reference system. The accuracy measures were calculated for each distance
band, by analysing the values that resided within each band. The five bands were:
1. 0–5 m
2. 5–10 m
3. 10–15 m
4. 15–20 m
5. >20 m
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The study methodology was written following a recently published protocol [32] in order to warrant
the strict description of the use of technology, scoring 16 points out of 21 (76%). The authors confirm that
the data supporting the findings of this study are available within the articles Supplementary Materials.
3. Results
The overall RMSE between the Catapult LPS and Vicon system for inter-unit distance was
0.20 ± 0.05 m, while the mean bias was 0.10 ± 0.06 m. Comparisons between ClearSky and Vicon
inter-unit distance at different distance bands is presented in Table 1. Inter-unit distance based on
distance bands resulted in larger RMSE values at larger distances. Bands of 5–10 m, 10–15 m, 15–20 m
and >20 m had RMSE values in the range of 0.20 to 0.22 m, compared to the 0–5 m band with a RMSE
of 0.18 m.
Table 1. Difference Between Distance Bands’ Inter-Unit Distance Accuracy, Root Mean Square Error,
Mean Bias and Percentage of Variance Accounted For.
Distance Band N. Frames RMSE (m) Mean Bias (m) Percentage of Variance Accounted for (%)
0–5 m 2731 0.18 ± 0.08 0.14 ± 0.10 94.34 ± 0.09
5–10 m 3232 0.20 ± 0.07 0.14 ± 0.10 98.64 ± 0.01
10–15 m 2643 0.20 ± 0.07 0.07 ± 0.06 98.32 ± 0.01
15–20 m 1684 0.21 ± 0.06 0.03 ± 0.05 97.88 ± 0.03
>20 m 210 0.22 ± 0.05 0.06 ± 0.08 74.37 ± 0.28
4. Discussion
The objective of this investigation was to assess the criterion validity of the Catapult ClearSky T6
local positioning system for assessing inter-unit distance. The overall results of the study returned
a mean RMSE of 0.20 ± 0.05 m, which was more favorable compared to a previous investigation
of a Bluetooth Low Energy Channel tracking system, presenting a mean error of 0.30 ± 0.13 m [7].
The current study also found a mean bias of 0.10 ± 0.06 m, including all distance bands displaying bias
overestimates of the true values, especially at distances below 10 m. Finally, %VAF analysis was stable
across all distance bands, excluding distances above 20 m. These findings are important for the use of
the LPS to accurately measure spatiotemporal variables, as these variables’ base function is centered
on inter-unit distances.
These results align with similar research which found the ClearSky T6 LPS to have mean error of
0.21 ± 0.13 m for measuring position [8] in the optimal setup. Previous investigations into the errors
associated with anchor placement on validity of the ClearSky system have found increased error in-sub
optimal setups (1.79 ± 7.61 m) compared to optimal setups (0.21 ± 0.13 m) for position estimates [8].
This was attributed to node positions, near corners and proximity between node and court boundaries
which could reduce accuracy due to increased multipath propagation [33]. Errors of this nature were
mitigated as setup was optimized within the stadium, as seen in Figure 1, which represents varying
anchor heights to mitigate metal infrastructure interference and adequate proximity of node to edge of
the field.
Analysis of the associations between different distance bands and inter-unit distance accuracy
indicates increased error at larger distances. These findings suggest that as distances between units
increase so does the error of observed values, as seen with a linear increase in RMSE results from
0.18 ± 0.08 at distances between 0–5 m to 0.22 ± 0.05 m above 20 m. It is difficult to compare these
results with previous studies, as to our knowledge this study is the first to analyse inter-unit distance
accuracy at distances above 20 m. A previous investigation found higher accuracy for larger distances,
however the studies distances only ranged from 0.5–1.8 m [7]. The limited amount of research assessing
the validity of UWB systems over a spectrum of distances covered in indoor team sports highlights
the contribution of the current findings in further understanding the capabilities of the UWB system.
While the fixed setup of this study was optimal for the stadium used, each stadium requires correct
surveying and optimal positioning of anchors to mitigate black spots and interference. This is especially
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important, as a mobile version of the system is available, which allows for transportation and manual
setup at stadiums. However further research is warranted for this version, to ensure validity and
reliability during the manual setup. Additionally, research testing the accuracy of a different number
of anchors used in the system would provide further understanding of the system’s capabilities and
the minimum number of anchors required for a valid accurate signal. Also, while the number of
participants (n = 8) provided an adequate 21 combinations for analysis, additional research into
unstructured movements using more participants such as small-sided games or match simulations
could be warranted. Finally, further validation of tactical variables is required, as only one study thus
far has investigated EPTS for measuring tactical variables [13]. Therefore, future research should look
at validation of the inter-stadium reliability of EPTS to allow accurate comparison of tactical variables
during matches and training.
5. Conclusions
With acceptable inter-unit distance accuracy found in this study, as well as adequate ability to
measure distance, speed and position [8,12], the ClearSky LPS can be confidently used to capture
spatiotemporal tactical variables which can be used to assess team tactical synchronisation, inter-player
interactions, and coordination tendencies. The RMSE for inter-unit distance ranged between 0.18–0.22 m
for all distance bands, representing acceptable validity at all distances investigated. This opens up
opportunities for increased investigation using spatiotemporal tactical variables in indoor sports.
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Data S1: Data.zip
Author Contributions: Conceptualization, R.W.H., K.A.B. and F.R.S.; methodology, R.W.H., K.A.B. and F.R.S.;
formal analysis, R.W.H., K.A.B. and F.R.S.; investigation, R.W.H., K.A.B. and F.R.S.; writing—original draft
preparation, R.W.H.; writing—review and editing, R.W.H., K.A.B. and F.R.S.; visualization, R.W.H.; supervision,
K.A.B. and F.R.S.; project administration, R.W.H., K.A.B. and F.R.S.; All authors have read and agreed to the
published version of the manuscript.
Funding: RH is supported by a scholarship partially funded by Netball Victoria.
Acknowledgments: The authors would like to acknowledge all participants for their invaluable help making
data collection possible, and Netball Victoria staff for assistance in accessing the stadium. In addition, the authors
would like to thank Shannon Barnes for her assistance with resources and data acquisition and Namira Adani,
Jem Gibbs and Ethan Farrell for their assistance with data acquisition.
Conflicts of Interest: The authors declare no conflict of interest.
References
1. Scott, M.T.; Scott, T.J.; Kelly, V.G. The Validity and reliability of global positioning systems in team sport:
A brief review. J. Strength Cond. Res. 2016, 30, 1470–1490. [CrossRef]
2. Malone, J.J.; Lovell, R.; Varley, M.C.; Coutts, A.J. Unpacking the black box: Applications and considerations
for using gps devices in sport. Int. J. Sports Physiol. Perform. 2017, 12, 18–26. [CrossRef]
3. Varley, M.C.; Fairweather, I.H.; Aughey, R.J. Validity and reliability of GPS for measuring instantaneous
velocity during acceleration, deceleration, and constant motion. J. Sports Sci. 2012, 30, 121–127. [CrossRef]
4. Vickery, W.M.; Dascombe, B.J.; Baker, J.D.; Higham, D.G.; Spratford, W.A.; Duffield, R. Accuracy and
reliability of GPS devices for measurement of sports-specific movement patterns related to cricket, tennis,
and field-based team sports. J. Strength Cond. Res. 2014, 28, 1697–1705. [CrossRef]
5. Siegle, M.; Stevens, T.; Lames, M. Design of an accuracy study for position detection in football. J. Sports Sci.
2013, 31, 166–172. [CrossRef]
6. Bourbousson, J.; Sève, C.; McGarry, T. Space–time coordination dynamics in basketball: Part 1. Intra-and
inter-couplings among player dyads. J. Sports Sci. 2010, 28, 339–347. [CrossRef] [PubMed]
7. Figueira, B.; Gonçalves, B.; Folgado, H.; Masiulis, N.; Calleja-González, J.; Sampaio, J. Accuracy of a basketball
indoor tracking system based on standard bluetooth low energy channels (NBN23®). Sensors 2018, 18, 1940.
[CrossRef] [PubMed]
Sensors 2020, 20, 3693 9 of 10
8. Luteberget, L.S.; Spencer, M.; Gilgien, M. Validity of the catapult clearsky t6 local positioning system for
team sports specific drills, in indoor conditions. Front. Physiol. 2018, 9, 115. [CrossRef] [PubMed]
9. Mautz, R. Indoor Positioning Technologies; Habilitation Swiss Federal Institute of Technology: Zurich,
Switzerland, 2012.
10. Rovnˇáková, J.; Švecová, M.; Kocur, D.; Nguyen, T.T.; Sachs, J. Signal Processing for Through Wall
Moving Target Tracking by M-sequence UWB Radar. In Proceedings of the 18th International Conference
Radioelektronika, Prague, Czech Republic, 1 January 2008.
11. Alarifi, A.; Al-Salman, A.; Alsaleh, M.; Alnafessah, A.; Al-Hadhrami, S.; Al-Ammar, M.A.; Al-Khalifa, H.S.
Ultra wideband indoor positioning technologies: Analysis and recent advances. Sensors 2016, 16, 707.
[CrossRef]
12. Serpiello, F.G.; Hopkins, W.; Barnes, S.; Tavrou, J.; Duthie, G.; Aughey, R.; Ball, K. Validity of a Ultra-wideband
local positioning system to measure locomotion in indoor sports. J. Sport Sci. 2017, 36, 1727–1733. [CrossRef]
13. Bastida-Castillo, A.; Gómez-Carmona, C.D.; De La Cruz Sánchez, E.; Pino-Ortega, J. Comparing accuracy
between global positioning systems and ultra-wideband-based position tracking systems used for tactical
analyses in soccer. Eur. J. Sport Sci. 2019, 19, 1157–1165. [CrossRef]
14. Bastida-Castillo, A.; Gómez-Carmona, C.D.; la Cruz-Sánchez, D.; Reche-Royo, X.; Ibáñez, S.J.; Pino-Ortega, J.
Accuracy and inter-unit reliability of ultra-wide-band tracking system in indoor exercise. Appl. Sci. 2019,
9, 939. [CrossRef]
15. Luteberget, L.S.; Spencer, M. High-intensity events in international women’s team handball matches. Int. J.
Sports Physiol. Perform. 2017, 12, 56–61. [CrossRef] [PubMed]
16. Vázquez-Guerrero, J.; Jones, B.; Fernández-Valdés, B.; Moras, G.; Reche, X.; Sampaio, J. Physical demands of
elite basketball during an official U18 international tournament. J. Sports Sci. 2019, 37, 2530–2537. [CrossRef]
[PubMed]
17. Douglas, A.S.; Kennedy, C.R. Tracking in-match movement demands using local positioning system in
world-class men’s ice hockey. J. Strength Cond. Res. 2020, 34, 639–646. [CrossRef]
18. International Federation of Association Football (FIFA). EPTS Performance Test Report; International Federation
of Association Football: Zurich, Switzerland, 2020.
19. Bradley, P.S.; Ade, J.D. Are current physical match performance metrics in elite soccer fit for purpose or is the
adoption of an integrated approach needed? Int. J. Sports Physiol. Perform. 2018, 13, 656–664. [CrossRef]
20. Gudmundsson, J.; Horton, M. Spatio-temporal analysis of team sports. ACM Comput. Surv. 2016, 50, 22.
[CrossRef]
21. Araújo, D.; Davids, K. Team synergies in sport: theory and measures. Front. Psychol. 2016, 7, 1449. [CrossRef]
22. Folgado, H.; Duarte, R.; Fernandes, O.; Sampaio, J. Competing with lower level opponents decreases
intra-team movement synchronization and time-motion demands during pre-season soccer matches.
PLoS ONE 2014, 9, 97145. [CrossRef]
23. Folgado, H.; Duarte, R.; Marques, P.; Gonçalves, B.; Sampaio, J. Exploring how movement synchronization is
related to match outcome in elite professional football. Sci. Med. Footb. 2018, 2, 101–107. [CrossRef]
24. Frencken, W.; Lemmink, K.; Delleman, N.; Visscher, C. Oscillations of centroid position and surface area of
soccer teams in small-sided games. Eur. J. Sport Sci. 2011, 11, 215–223. [CrossRef]
25. Gonçalves, B.; Marcelino, R.; Torres-Ronda, L.; Torrents, C.; Sampaio, J. Effects of emphasising opposition
and cooperation on collective movement behaviour during football small-sided games. J. Sports Sci. 2016, 34,
1346–1354. [CrossRef] [PubMed]
26. Bourbousson, J.; Sève, C.; McGarry, T. Space–time coordination dynamics in basketball: Part 2. The interaction
between the two teams. J. Sports Sci. 2010, 28, 349–358. [CrossRef] [PubMed]
27. Bartlett, R.; Button, C.; Robins, M.; Dutt-Mazumder, A.; Kennedy, G. Analysing team coordination patterns
from player movement trajectories in soccer: Methodological considerations. Int. J. Perform. Anal. Sport
2012, 12, 398–424. [CrossRef]
28. Memmert, D.; Lemmink, K.A.P.M.; Sampaio, J. Current approaches to tactical performance analyses in soccer
using position data. Sports Med. 2017, 47, 1–10. [CrossRef]
29. Rein, R.; Memmert, D. Big data and tactical analysis in elite soccer: Future challenges and opportunities for
sports science. SpringerPlus 2016, 5, 1410. [CrossRef] [PubMed]
30. Alexander, J.P.; Spencer, B.; Mara, J.K.; Robertson, S. Collective team behaviour of Australian Rules football
during phases of match play. J. Sports Sci. 2018, 37, 237–243. [CrossRef] [PubMed]
Sensors 2020, 20, 3693 10 of 10
31. Sweeting, A.J.; Aughey, R.J.; Cormack, S.J.; Morgan, S. Discovering frequently recurring movement sequences
in team-sport athlete spatiotemporal data. J. Sports Sci. 2017, 35, 2439–2445. [CrossRef]
32. Rico-González, M.; Los Arcos, A.; Rojas-Valverde, D.; Clemente, F.M.; Pino-Ortega, J. A survey to assess the
quality of the data obtained by radio-frequency technologies and microelectromechanical systems to measure
external workload and collective behavior variables in team sports. Sensors 2020, 20, 2271. [CrossRef]
[PubMed]
33. Muthukrishnan, K.K. Multimodal Localisation: Analysis, Algorithms and Experimental Evaluation; University of
Twente: Enschede, The Netherlands, 2009.
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
